In recent years, the hierarchical taxonomy integration problem has obtained considerable attention in many research studies. Many types of implicit information embedded in the source taxonomy are explored to improve the integration performance. The semantic information embedded in the source taxonomy, however, has not been discussed in previous research. In this paper, an enhanced integration approach called SFE (Semantic Feature Expansion) is proposed to exploit the semantic information of the category-specific terms. From our experiments on two hierarchical Web taxonomies, the results show that the integration performance can be further improved with the SFE scheme.
Introduction
In many daily information processing tasks, merging two classified information sources to create a larger taxonomy with abundant information is in great demand. For example, an e-commerce service provider may merge various catalogs from other vendors into its local catalog to provide customers with versatile contents. A Web user may also want to integrate different blog catalogs from Web 2.0 portals to organize a personal information management library. In these examples, people may need an efficient automatic integration approach to process the huge amount of information.
In recent years, the taxonomy integration problem has obtained much attention in many research studies (e.g. Agrawal & Srikan, 2001; Sarawagi, Chakrabarti, & Godbole, 2003;  In this paper, we propose an enhanced integration approach by exploiting the implicit semantic information in the source taxonomy with a semantic feature expansion (SFE) mechanism. The basic idea behind SFE is that some semantically related terms can be found to represent a source category, and these representative terms can be further viewed as the additional common category labels for all documents in the category. Augmented with these additional semantic category labels, the source documents should be more precisely integrated into the correct destination category. The semantic expanding scheme, however, needs to consider the polysemy situation to avoid introducing many topic-irrelevant features. Therefore,
Hierarchical Taxonomy Integration Using 423 Semantic Feature Expansion on Category-Specific Terms
SFE employs an efficient correlation coefficient method to select representative semantically-related terms.
To study the effectiveness of SFE, we implemented it based on a hierarchical taxonomy integration approach (EHCI) proposed in Ho et al. (2006) and Chen et al. (2007) with the Maximum Entropy (ME) model classifiers. We have conducted experiments with real-world Web catalogs from Yahoo! and Google, and measured the integration performance with precision, recall, and F 1 measures. The results show that the SFE mechanism consistently can improve the integration performance of the EHCI approach.
The rest of the paper is organized as follows. Section 2 describes the problem definition and Section 3 reviews previous related research. Section 4 elaborates the proposed semantic feature expansion approach and the hierarchical integration process. Section 5 presents the experimental results, and discusses the factors that influence the experiments. Section 6 concludes the paper and discusses some future directions of our work.
Problem Statement
Following the definitions in Ho et al. (2006) , we assume that two homogeneous hierarchical taxonomies, the source taxonomy S and the destination taxonomy D, participate in the integration process. The taxonomies are said to be homogeneous if the topics of the two taxonomies are similar. In addition, the taxonomies under consideration are required to overlap with a significant number of common documents. For example, in our experimental data sets, 20.6% of the total documents (436/2117) in the Autos directory of Yahoo! also appear in the corresponding Google directory.
The source taxonomy S has a set of m categories, or directories, S 1 , S 2 , …, S m . These categories may have subcategories, such as S 1,1 and S 2,1 . Similarly, the destination catalog D has a set of n categories. The integration process is to directly decide the destination category
Source Taxonomy Destination Taxonomy
Source Taxonomy Destination Taxonomy in D for each document d x in S. In this study, we allow that d x can be integrated into multiple destination categories because a document commonly appears in several different directories in a real-world taxonomy.
Figure 1 depicts a typical scenario of the integration process on two hierarchical taxonomies. For illustration, we assume that the source category S 1,1 has a significant number of overlapped documents with the destination categories D 1,1 and D 2,2 . This means that the documents appearing in S 1,1 should have similar descriptive information as the documents in 
Previous Work

Integration Techniques
In previous studies, different sorts of implicit information embedded in the source taxonomy are explored to help the integration process. These implicit source features can be mainly categorized into four types: (1) co-occurrence relationships of source objects, (2) latent source-destination mappings, (3) inter-category centroid information, and (4) parent-children relationships in the source hierarchy. The co-occurrence relationships of source objects are first studied to enhance a Naive Bayes classifier based on the concept that if two documents are in the same source category, they are more likely to be in the same destination category (Agrawal & Srikan, 2001 ). The enhanced Naïve Bayes classifier (ENB) is shown to have more than 14% accuracy improvement on average. The work in Chen et al. (2005) also has the similar concept in its iterative pseudo relevance feedback approach. As reported in Chen et al. (2005) , the enhanced SVM classifiers consistently achieve improvement.
Latent source-destination mappings are explored in Sarawagi et al. (2003) and Zhang and Lee (2004b) . The cross-training (CT) approach (Sarawagi, Chakrabarti, & Godbole, 2003) extracts the mappings from the first semi-supervised classification phase using the source documents as the training sets. Then, the destination documents are augmented with the latent mappings for the second semi-supervised classification phase to complete the integration. The co-bootstrapping (CB) approach (Zhang & Lee, 2004b ) exploits the predicted source-destination mappings to repeatedly refine the classifiers. The experimental results show that both CT and CB outperform ENB (Sarawagi, Chakrabarti, & Godbole, 2003; Zhang & Lee, 2004b) .
In Zhang and Lee (2004a) , a cluster shrinkage (CS) approach, in which the feature weights of all objects in a document category are shrunk toward the category centroid, is proposed. Therefore, the cluster-binding relationships among all documents of a category are strengthened. The experimental results show that the CS-enhanced Transductive SVMs give
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significant improvement to the original T-SVMs and consistently outperform ENB.
In Wu et al. (2005) and Ho et al. (2006) , the parent-children information embedded in hierarchical taxonomies is intentionally extracted. Based on the hierarchical characteristics, Wu et al. extend the CS and CB approach to improve the integration performance. In Ho et al. (2006) , an enhanced approach called EHCI is proposed to further extract the hierarchical relationships as a conceptual thesaurus. Their results show that the implicit hierarchical information can be effectively used to boost the accuracy performance.
The semantic information embedded in the source taxonomy has not been discussed in past studies. This observation motivates us to study the embedded taxonomical semantic information and its effectiveness.
Overview of the Maximum Entropy Model Classifiers
In our proposed SFE scheme, we use the Maximum Entropy (ME) model classifiers to perform the main integration task. Here, we provide a brief overview of the ME model as the background of our work. More details can be found in Berger et al. (1996) . In ME, the entropy ( ) H p for a conditional distribution ( | ) p y x is used to measure the uniformity of ( | ) p y x , where y is an instance of all outcomes Y in a random process and x denotes a contextual environment of the contextual space X, or the history space. To express the relationship between x and y, we can have an indicator function ( , ) f x y (usually known as feature function) defined as: 1 if ( ) has the defined relationship ( , ) 0 else
The entropy ( ) H p is defined by:
The Maximum Entropy Principle is to find a probability model
where C is a set of allowed conditional probabilities. There are, however, two constraints: 
As indicated in [10] , the conditional probability ( | ) p y x can be computed by:
where i λ is the Lagrange multiplier for feature i f , and ( ) z x is defined as
With the improved iterative scaling (IIS) algorithm (Darroch & Ratcliff, 1972; Berger, Pietra, & Pietra, 1996) , the i λ values can be estimated. Then, the classifiers are built according to the ME model and the training data.
Hierarchical Taxonomy Integration
Previous integration research for hierarchal taxonomy integration mainly can be classified into two categories: clustering-based (Cheng & Wei, 2008) and classification-based (Ho, Chen, & Yang, 2006; Zhu, Yang, & Lam, 2004; Chen, Ho, & Yang, 2007) . The clustering-based approach has the advantage in handling manifold taxonomies which may even have small overlaps and in performing integration without a priori training work. Therefore, the application of the clustering-based approach is much more general. The effectiveness of the clustering-based approach, however, depends on the clustering parameters. For inexperienced users, finding optimal clustering parameters will be very challenging.
Although the classification-based approach is more appropriate for handling taxonomies which have significant overlaps, it cannot handle the subtle relationships embedded in categories. For example, CatRelate uses five types of hierarchical relationships in a taxonomy to help catalog integration (Zhu, Yang, & Lam, 2004) , and an integration scheme called EHCI uses a hierarchical weighting mechanism to strengthen the integration effectiveness (Ho, Chen, & Yang, 2006; Chen, Ho, & Yang, 2007) . Nonetheless, CatRelate only discusses the hierarchical relationships on a category basis with a set of simple rules. It may suffer from complicated hierarchical relationships when handling large taxonomies. In contrast, EHCI's hierarchical weighting mechanism considers the influences of category labels of more comprehensive neighboring levels on a document basis. The experimental results reported in Ho et al. (2006) and Chen et al. (2007) also show that EHCI is effective for handling large taxonomies. Therefore, we use EHCI as our baseline to study the effectiveness of the proposed SFE approach. The following gives a brief overview for EHCI.
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In EHCI, the conceptual relationships (category labels) are first extracted from the hierarchical taxonomy structure as a thesaurus (Ho, Chen, & Yang, 2006; Chen, Ho, & Yang, 2007) . Then, the features of each document are extended with the thesaurus by adding the weighted label features. A weighting formula is designed to control the impact of the semantic concepts of each hierarchical level. Equation 10 calculates the EHCI feature weight (1 ) Table 1 shows the label weights of different levels, where L 0 is the document level, L 1 is one level upper, and so on to L n for n levels upper. The label weighting scheme uses a power-law distribution to avoid over-emphasis on the least related hierarchical levels. To build the enhanced classifiers for destination categories, the same enhancement on hierarchical label information is also applied to the destination taxonomy to strengthen the discriminative power of the classifiers.
Although the EHCI approach employs only the embedded hierarchical information with a simple power-law distribution, the integration accuracy performance can be effectively improved. As reported in Chen et al. (2007) , the EHCI approach outperforms a straightforward classification scheme that does not employ any embedded information to help hierarchical taxonomy integration. 
Hierarchical Taxonomy Integration with Semantic Feature Expansion
The proposed semantic feature expansion (SFE) approach is to use extracted representative terms of a category as the implicit semantic information to help the corresponding integration process. In the following, the overall processing flow of SFE is presented first. Related approaches incorporated in the integration process are then described. Finally, the SFE approach is elaborated.
Integration Process
To apply SFE to hierarchical taxonomies, a hierarchical taxonomy integration approach (EHCI) (Ho, Chen, & Yang, 2006; Chen, Ho, & Yang, 2007 ) is considered as the baseline. Currently, classifiers based on the Maximum Entropy (ME) model are used because of its prominent performance in many tasks, such as natural language processing (Berger, Pietra, & Pietra, 1996) and flattened taxonomy integration (Wu, Tsai, & Hsu, 2005) . Figure 2 shows the entire integration process flow of the SFE approach. 
Semantic Feature Expansion
To further improve the integration performance, the semantic information of inter-taxonomy documents is explored in the proposed approach to perform semantic feature expansion (SFE). The main idea is to augment the feature space of each document with representative topic words. As noted in Tseng et al. (2006) , the hypernyms of documents can be considered as the candidates of the representative topic words for the documents. Hereby, SFE adopts a similar approach to Tseng et al. (2006) to first select important term features from the documents and then decide the representative topic terms from hypernyms.
Since feature expansion with hypernyms intends to introduce features that are not related to the document topic, these irrelevant features need to be filtered out before the final integration work. From the aspect of improving integration accuracy, the expanded features that have little discriminative power among categories are considered to be removed. According to previous studies (Ng, Goh, & Low, 1997; Yang & Pedersen, 1997; Tseng, Lin, Chen, & Lin, 2006) , although the 2 χ -test (chi-square) method is very effective in feature selection for text classification, it cannot differentiate negatively related terms from positively related ones. For a term t and a category c, their 2 χ measure is defined as:
where N is the total number of the documents, Therefore, the correlation coefficient (CC) method is suggested to filter out the negatively related terms (Ng, Goh, & Low, 1997; Tseng, Lin, Chen, & Lin, 2006) . Since N is the same for each term, we can omit it and get the following equation to calculate the CC value for each term:
Since the categories in a taxonomy are in a hierarchical relationship, SFE only considers the categories of the same parent in the CC method.
Then, the five terms with the highest CC values are selected to perform semantic feature expansion. As indicated by (Ng, Goh, & Low, 1997; Tseng, Lin, Chen, & Lin, 2006) , the terms selected with CC are highly representative for a category. The category-specific terms of a source category, however, may not be topic-genetic to the corresponding destination category. Therefore, SFE uses them as the basis to find more topic-indicative terms for each category.
Some lexical dictionaries, such as InfoMap (http://infomap.stanford.edu/) and WordNet (http://wordnet.princeton.edu/), can be used to extract the hypernyms of the category-specific terms to get the topic indicative features of a category. For example, if a category has the following five category-specific terms: output, signal, circuit, input, and frequency, SFE gets the following hypernyms from InfoMap: signal, signaling, sign, communication, abstraction, relation, etc [ ]
where k l denotes the feature vector of the hierarchical thesaurus information computed from the left term of Equation 10, k h denotes the feature vector of the topic-generic terms of the category computed from Equation 13, and k f denotes the original feature vector of the document derived from the right term of Equation 10.
Experimental Analysis
We have conducted experiments with real-world catalogs from Yahoo! and Google to study the performance of the SFE scheme with a Maximum Entropy classification tool from Edinburgh University (ver. 20041229) (Zhang, 2004) . Two integration procedures were implemented. The baseline is ME with EHCI (EHCI-ME), and the other is ME with EHCI and SFE (SFE-ME). We measured three scores with different λ and α values: precision, recall, and F 1 measures. Both integration directions were evaluated: from Google to Yahoo! and from Yahoo! to Google. The experimental results show that SFE-ME can effectively improve the integration performance. For recall measures, SFE-ME outperforms EHCI-ME in more than 60% of all cases. For precision measures, SFE-ME outperforms EHCI-ME in more than 90% of all cases. SFE-ME can also achieve the best recall and precision performance. For F 1 measures, SFE-ME outperforms EHCI-ME in nearly 95% of all the cases. The experimental results are detailed in the following.
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Data Sets
In the experiments, five directories from Yahoo! and Google were extracted to form two experimental taxonomies (Y and G). Table 2 shows these directories and the number of the extracted documents after ignoring the documents that could not be retrieved. As in previous studies (Agrawal & Srikan, 2001; Sarawagi, Chakrabarti, & Godbole, 2003; Ho, Chen, & Yang, 2006) , the documents appearing in only one category were used as the training data (|Y-G| and |G-Y|), and the common documents were used as the testing data (|Y Test| and |G Test|). Since some documents may appear in more than one category in a taxonomy, |Y Test| is slightly different from |G Test|. For simplicity consideration, the level of each hierarchy was controlled to be at most three in the experiments. If the number of the documents of a certain subcategory was less than 10, the subcategory would be merged upward to its parent category. Before the integration, we used the stopword list in Frakes and Baeza-Yates (1992) to remove the stopwords, and the Porter algorithm (Porter, 1980) for stemming. In the integration process, we allow that each source document x d can be integrated into multiple destination categories (one-to-many) as we find in real-world taxonomies. Different λ values from 0.1 to 1.0 were applied to the source taxonomy ( s λ ) and the destination taxonomy ( d λ ). To both taxonomies, the same α value ranging from 0.1 to 1.0 was applied for semantic feature expansion. The lexical dictionary used in the experiments was InfoMap to get hypernyms. As reported in Tseng et al. (2006) , we believe that WordNet will result in similar hypernym performance.
In the experiments, we measured the integration performance of EHCI-ME and SFE-ME in six scores: macro-averaged recall (MaR), micro-averaged recall (MiR), macro-averaged precision (MaP), micro-averaged precision (MiP), macro-averaged F 1 measure (MaF), and micro-averaged F 1 measure (MiF). . The micro-averaged scores were measured by computing the scores globally over all categories in five directories. The macro-averaged scores were measured by first computing the scores for each individual category, then averaging these scores. The recall measures are used to reflect the traditional performance measurements on integration accuracy. The precision measures show the degrees of false integration. The standard F 1 measures show the compromised scores between recall and precision.
Experimental Results and Discussion
Although we have measured the integration performance with different λ values, this paper only lists part of the results in five different d λ values, which are 0.1, 0.3, 0.5, 0.7, and 0.9.
Considering α, we have also measured the integration performance with different values ranging from 0.1 to 1.0. When α is between 0.1 and 0.4, SFE-ME is superior to EHCI-ME. For different integration directions, we found that the optimal α value may be also different. Here, we only report two cases, α = 0.4 for integrating documents from Google to Yahoo! and α = 0.1 for integrating documents from Yahoo! to Google, in which the SFE approach can show its effectiveness. Table 3 and Table 4 show the macro-averaged and micro-averaged recall results of EHCI-ME and SFE-ME. The macro-averaged and micro-averaged precision results of EHCI-ME and SFE-ME are listed in Table 5 and Table 6 . In Table 7 and Table 8 , the macro-averaged and micro-averaged F 1 measure results of EHCI-ME and SFE-ME are listed, respectively.
From Table 3 (a), we can notice that SFE-ME is superior to EHCI-ME in more than 75% of all MaR scores for the integrations from Google to Yahoo!. Although Table 3 (b) shows that SFE-ME can only achieve nearly 40% improvements for the integration from Yahoo! to Google, SFE-ME has consistent MaR performance. Two reasons cause this lower-than-average MaR performance. First, the recall performance of SFE-ME is not as good as EHCI-ME for categories with few positive examples in the Y→G integration process. This can be justified from the superior MiR performance of SFE-ME. Second, the d λ weight increasingly mitigates the improvements of SFE in the MaR measures of SFE-ME in a consistent way in the Y→G integration process. The MiR performance of SFE-ME also has the similar mitigation.
From Table 3 , we can also notice that SFE-ME achieves the best MaR of 0.8935 when Table 3 . The macro-averaged recall (MaR) measures of EHCI-ME and SFE-ME.
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EHCI-ME SFE-ME (α = 0.4) From table 4, we can notice that SFE-ME is superior to EHCI-ME in more than 60% of all MiR scores for the G→Y integration process and in nearly 75% of all MiR scores for the Y→G integration process. Among these cases, SFE-ME can achieve the best G→Y MiR of 0. Table 3 (b), the experimental results suggest that over-emphasizing the weight of Google's hierarchical thesaurus information will impair the effectiveness of SFE. Table 4 . The micro-averaged recall (MiR) measures of EHCI-ME and SFE-ME.
EHCI-ME SFE-ME (α = 0.4) 
From Table 5 , we can notice that SFE-ME is superior to EHCI-ME in more than 80% of all MaP for the G→Y integration process, and in all cases for the Y→G integration process. In addition, SFE-ME achieves the best G→Y Table 5 . The macro-averaged precision (MaP) measures of EHCI-ME and SFE-ME.
EHCI-ME SFE-ME (α = 0.4) From Table 6 , SFE-ME achieves the best G→Y MiP of 0.6078 when s λ = 0.9 and d λ = 0.1, and the best Y→G MiP of 0.2988 when s λ = 0.7 and d λ = 0.9. In addition, SFE-ME achieves MiP improvements in 90% of all cases for the G→Y integration process and in all cases for the Y→G integration process. These results show that the number of incorrectly integrated documents in SFE-ME is much lower. With high precision performance, SFE-ME may reduce a lot of time for users in manually verifying the integration correctness. Table 6 . The micro-averaged precision (MiP) measures of EHCI-ME and SFE-ME.
EHCI-ME SFE-ME (α = 0.4) For many applications, a compromised performance may be required with a high F 1 score. From Table 7 and Table 8 , we can notice that SFE-ME is superior to EHCI-ME in nearly 90% of all MaF and MiF scores for the G→Y integration process, and it has consistent improvements in all cases for the Y→G integration process. In our experiments with α = 0.4, SFE-ME achieves the highest MaF (0.6839) and the highest MiF (0.6764) when s λ = 0.6 and d λ = 0.1 for the G→Y integration process. For the Y→G integration process, SFE-ME achieves the highest MaF (0.5919) and the highest MiF (0.4413) when α = 0.1, s λ = 0.7, and d λ = 0.9. These two tables show that the SFE scheme can mostly get more balanced improvements in both recall and precision considerations. Table 7 . The macro-averaged F 1 (MaF) measures of EHCI-ME and SFE-ME.
EHCI-ME SFE-ME (α = 0.4) We have also measured these six scores for the s λ = 0.0, d λ = 0.0, and α = 0.0 cases, which means that the integration is performed by only ME without EHCI and SFE enhancements. In this configuration, for the G→Y integration process, ME can achieve very prominent recall performance in MaR (0.9578) and MiR (0.9616) but with poor precision performance in MaP (0.0111) and MiP (0.0111). Its MaF and MiF are 0.022 and 0.0219, respectively. For the Y→G integration process, ME has similar performance. Although ME can attain the best recall performance, these results show that it allows many documents of other categories to be incorrectly integrated. Table 8 . The micro-averaged F 1 (MiF) measures of EHCI-ME and SFE-ME.
EHCI-ME SFE-ME (α = 0.4) The experimental results show that SFE-ME can get more improved integration performance with the SFE scheme. Compared with EHCI-ME, SFE-ME shows that the semantic information of the hypernyms of the category-specific terms can be used to facilitate the integration process between two hierarchical taxonomies.
Conclusion
In recent years, the taxonomy integration problem has been progressively studied for integrating two homogeneous hierarchical taxonomies. Many types of implicit information embedded in the source taxonomy are explored to improve the integration performance. The semantic information embedded in the source taxonomy, however, has not been discussed in previous research.
In this paper, an enhanced integration approach (SFE) is proposed to exploit the semantic information of the hypernyms of the category-specific terms. Augmented with these additional semantic category features, the source documents can be more precisely integrated into the correct destination category in the experiments. The experimental results show that SFE-ME can achieve the best macro-averaged F 1 score and the best micro-averaged F 1 score. The results also show that the SFE scheme can get precision and recall enhancements in a significant portion of all cases.
There are still some issues left for future study. For example, the effectiveness of SFE on other classification schemes, such as SVM and NB, may need to be investigated to decide which one has the best integration performance. In addition, deciding the optimal parameter configuration is a classical classification problem which is also important to the taxonomy integration problem. Although mining more valuable implicit information can be a tough challenge, we believe that the integration performance can be further improved with appropriate assistance of more effective auxiliary information and advanced classifiers.
